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In its monitoring of the progress made towards the Lisbon objectives in education and training, the 
European Commission proposed a set of 29 indicators divided into three strategic objectives. Among 
these indicators five benchmarks (‘reference levels of European average performance’) were selected 
by the Council to help focus the efforts of Member States towards the Lisbon objectives. 
 
The following analysis is based on the list of 29 indicators. We attempt to answer two questions: 
 
1. Is the set of five benchmarks a “good” shortlist (in the statistical sense), capable of 
summarising the information contained in the longer list of 29 indicators? 
2. Is it possible to derive from the five benchmarks a composite indicator, and what are the 
properties of this indicator? 
 
In this analysis different statistical techniques were employed to analyse a data set of 24 education 
indicators. A composite indicator of the five benchmarks is constructed and analysed. 
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In its monitoring of the progress made towards the Lisbon objectives in education and training, the 
European Commission proposed a set of 29 indicators divided into three strategic objectives. From 
these five benchmarks were selected by the Council to help focus the efforts of Member States 
towards the Lisbon objectives.  
 
The following analysis is based on the list of 29 indicators. We attempt to answer two questions: 
 
3. Is the set of five benchmarks a “good” shortlist (in the statistical sense), capable of 
summarising the information contained in the longer list of 29 indicators? 
4. Is it possible to derive from the five benchmarks a composite indicator, and what are the 
properties of this indicator? 
 
The list of the indicators analysed is given in Table 1. Ultimately only 24 indicators were included: 
the indicators on civic knowledge of pupils; participation in continuing vocational training, all 
enterprises; and participation in continuing vocational training, training enterprises were eliminated 
from the 2006 Progress Report and thus are not considered here. The indicator on distribution of 
students in general and pre-vocational lower- and upper-secondary education, according to the 
number of foreign languages learned has also been disregarded since the series contained too many 
missing values. Furthermore Erasmus and Leonardo data are not included due to the difficulty of 
translating from absolute figures (number of students or teachers in Erasmus or Leonardo programs) 
to relative figures (number of students/teachers in programmes as a percentage of the corresponding 
population of students/teachers). Whenever not mentioned missing values have been filled in with the 
EU25 average. 
 
Table 1. List of indicators used in the analysis (benchmarks in italics) 
 
Objective 1 
1 Percentage of teachers aged 50 or older, primary education (ISCED 1) 
2 Percentage of teachers aged 50 or older, secondary education (ISCED 2-3) 
3 Number of young people in the 0-14 and 15-19 as % of total population 
4 Ratio of pupils to teaching staff 
5 Youth education attainment  
6 PISA low reading literacy proficiency (% students) 
7 PISA reading literacy (mean) 
8 PISA mathematics  literacy (mean) 
9 PISA science literacy (mean) 
10 Students enrolled in MST as a proportion of all students in tertiary education (%) 
11 Graduates in MST as a percentage of all graduates in tertiary education 
12 Tertiary graduates in maths, science and technology per 1 000 of population aged 20-29  
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13 Total public expenditure on education as a percentage of GDP 
14 Expenditure on educational institutions  from private sources in % of GDP 
15 Enterprise expenditure on VET  as a percentage of total labour costs  
16 Total expenditure on public and private educational institutions per pupil/student in EUR PPS 
17 Total expenditure on educational institutions per pupil compared to GDP 
  
Objective 2 
18 Participation of adults with less than upper secondary education in lifelong learning 
19 Participation in post-compulsory education 
20 Early school leavers  
21 Percentage of the adult population aged 25 to 64 participating in education and training 
  
Objective 3 
22 Average number of foreign languages learned per student  
23 Foreign tertiary students as % of all tertiary students (ISCED 5 and 6) enrolled in the country 
(academic years 2002/03). 
24 Percentage of tertiary students (ISCED 5-6) enrolled outside their country of origin, 2002/03 
 
 
1. Robustness of the five benchmarks versus the long list of 24 indicators  
 
The analysis of the robustness of the relationship between the short-list of benchmarks and the 
database of 24 indicators (henceforth the “long-list”) is done in terms of average country rankings 
across the indicators. For each country the average ranking is obtained by pooling together the 
rankings obtained from each individual indicator.  
 
Statistical hypothesis tests are carried out to verify whether the average country rankings obtained 
from the short-list of benchmarks are statistically equivalent to the average country rankings obtained 
using the long-list. Two types of tests are employed. 
 
The joint test (see Appendix 2) is a parametric test based on linear regression in which we check 
whether the 25 European countries in 2005 display the same pattern in terms of the average ranking 
when using the short-list versus the long list. Starting from the average rankings of the short-list and 
the long-list ),(),...,,( 11 nn YXYX across n = 25 countries (which a sample from a bivariate random 
variable (X,Y)), we test whether the ordinary least square estimates of the linear regression coefficients 
a (the y-axis intercept) and b (the slope) are a=0  and b=1. In other words we test how good the fit is 
between the linear regression line and the o45  line.  
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Individual tests (see Appendix 2), based on the t-test, are conducted on each country separately. We 
test for a given country whether the average ranking obtained with the short-list is the same as the 
average ranking obtained from the long-list. The test is done for 2003 and 2005 data. 
 
In both tests two short-lists are considered: the first contains only the five benchmarks and the second 
contains the five benchmarks plus the “total public expenditure on education as a percentage of 
GDP”. 
 
1.1 Results and discussions  
 
Joint test  
Figures 1 and 2 show the average country rankings for the EU25 Member States for 2005. The 
average ranking from short list is along the x-axis and that from the long list along the y-axis. The 
regression line and the o45  line (dashed) are included. The figures also show the estimated test 
equation and the adjusted 2R  of the regression (i.e. the proportion of the variance of Y explained by 
the model). Test results for the years 2003 and 2005 are in Table 2. They show that with both versions 
of the short-list the null hypothesis of a=0 and b=1  is rejected, as the p-value of the test is close to 
zero (instead of higher than 0.05). 
 
Table 2: Results of the F-test on the null hypothesis a=0 and b=1 . 
 
 
test hypothesis: 
a=0 and b=1  
year  
test 
value p-value 
2005 5 bench 337291.9 
4.22E-
52 
 5+1 bench 231595 
3.19E-
50 
2003 5 bench. 160615.5 
2.14E-
48 
 5+1 bench 195150.8 
2.28E-
49 
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Figure 1: Average country rankings  for EU25 Member States for 2005 (long-list versus the short-
list of 5 +1 benchmarks) 
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Figure 2: Average country rankings for EU25 Member States for 2005 (long-list versus short list of 
5 benchmarks) 
2005-levelsy = 0.4053x + 7.9136
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The equality of the two lists is also rejected when we separate the indicators by strategic objectives 
and regress the average ranking of the first objective into the average ranking of the benchmarks. 
Results are in Table 3. 
 
Table 3: Results of the F-test on the null hypothesis a=0 and b=1 . 
 
test hypothesis:  a=0 and b=1 
Y X test value p-value 
2003 
Objective 1 5 bench. 284972.9 2.93E-51 
 5+1 bench 216362.4 6.97E-50 
Objective 2 5 bench. 409580.4 4.53E-53 
 5+1 bench 28376.38 9.71E-40 
Objective 3 5 bench. 1218198 1.63E-58 
 5+1 bench 793701.6 2.25E-56 
2005 
Objective 1 5 bench. 310576.6 1.09E-51 
 5+1 bench 715709.9 7.39E-56 
Objective 2 5 bench. 409580.4 4.53E-53 
 5+1 bench 128704.8 2.74E-47 
Objective 3 5 bench. 1218198 1.63E-58 
 5+1 bench 820706.7 1.53E-56 
 
 
 
Individual tests 
 
For each of the EU25 Member States we test the null hypothesis of the equality of the average ranking 
based on the long-list and then on the short-list. Again we consider two versions of the short-list, one 
containing only the five benchmarks and one containing also expenditure on education. Results of the 
tests are in Table 4. Highlighted values show the cases in which the test is not rejected.  
 
The null hypothesis of different ranking between short- and long-list is rejected in 11 (13) out of 25 
cases for the short-list with 6 (5) benchmarks in 2005. The rejections are 13 (12) respectively in 2003. 
The results of the two tests seem contradictory: the joint test says that overall the short-list does not 
summarise the information contained in the long-list, whereas the individual tests show that for the 
majority of the countries the average rankings from the two lists (long and short) are comparable. 
Notice that the outliers in Figures 1 and 2 (i.e. the countries far from the 45 degree line) are also the 
countries for which the t-test rejects the hypothesis of equal rankings. A possible  explanation could be 
that a further dimension needs to be taken into consideration, i.e. the country factor. In other words, 
countries are structurally different if for some countries (e.g. Belgium, Greece or France, among 
others) the short-list is suffic iently explicative of the long one, while  for other countries (such as 
Germany, the Netherlands, Slovakia or Sweden) other dimensions (indicators) need to be taken into 
account.  
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Table 4: t-student statistics for each of the EU25 Member states to test the equality of the average 
rankings obtained with the short- and long-list of indicators. Highlighted values show a p-value 
greater than 0.05, indicating the cases in which the null hypothesis of equality cannot be rejected. 
 
 2005 2003 
 5 benchmarks +1 5 benchmarks 5 benchmarks +1 5 benchmarks 
 test t p-value test t p-value test t p-value test t p-value 
 BE   0.640 0.528 1.613 0.118 0.022 0.982 0.917 0.367 
 CZ   -1.062 0.298 -2.230 0.034 -1.328 0.982 -2.458 0.021 
 DK   -1.529 0.138 -0.517 0.610 -1.396 0.982 -0.357 0.724 
 DE   4.456 0.000 4.045 0.000 5.518 0.000 5.110 0.000 
 EE   0.999 0.327 1.799 0.083 -1.240 0.226 -0.689 0.497 
 EL   0.216 0.830 -0.798 0.083 0.635 0.531 -0.333 0.742 
 ES   2.611 0.015 1.958 0.083 3.765 0.001 3.149 0.004 
 FR   -0.047 0.963 -0.103 0.083 0.439 0.664 0.425 0.674 
 IE   -2.439 0.022 -4.312 0.000 -2.944 0.007 -4.872 0.000 
 IT   3.315 0.003 3.175 0.004 4.048 0.000 3.933 0.001 
 CY   1.304 0.203 3.209 0.003 -0.917 0.367 0.617 0.543 
 LV   -4.447 0.000 -3.603 0.001 -2.266 0.032 -1.232 0.229 
 LT   -3.467 0.002 -2.714 0.011 -1.781 0.086 -0.864 0.395 
 LU   2.120 0.043 0.773 0.446 3.294 0.003 2.038 0.052 
 HU   0.022 0.983 0.497 0.623 -1.811 0.081 -1.496 0.146 
 MT  2.827 0.009 2.662 0.013 3.371 0.002 3.176 0.004 
 NL   5.233 0.000 4.889 0.000 4.530 0.000 4.039 0.000 
 AT   -2.543 0.017 -2.629 0.014 -2.542 0.017 -2.581 0.016 
 PL   -1.842 0.076 -1.769 0.088 -1.998 0.056 -1.895 0.069 
 PT   1.925 0.076 3.713 0.001 2.197 0.037 3.975 0.000 
 SI   -3.925 0.001 -3.205 0.003 -3.666 0.001 -2.836 0.009 
 SK   -5.341 0.000 -6.712 0.000 -5.767 0.000 -7.008 0.000 
 FI   -1.828 0.079 -1.457 0.157 -2.607 0.015 -2.288 0.030 
 SE   -0.190 0.079 0.509 0.615 -0.190 0.851 0.499 0.622 
 UK   1.468 0.079 0.966 0.343 1.483 0.150 0.955 0.348 
 
 
 
2. Hierarchical structure of the long list of indicators  
 
In this section we explore the information structure of the long-list of 24 indicators in order to see the 
relationship between the division into three strategic objectives and the similarities (in terms of 
information content) of indicators. In particular we are interested in the following research question: if 
we had to divide the list of 24 indicators into three groups, which indicators would be in which group? 
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Figure 3: Clusters for the indicators in the long list (standardized data). Type: Hierarchical, single 
linkage with squared Euclidean distances. In this figure indicators are listed from C-1 to C-24, which 
corresponds to the list of 24 indicators given in Table 1. 
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To answer this question we perform cluster analysis on the long-list. Cluster analysis is the name 
given to a collection of algorithms used to classify objects, e.g. countries, species, individuals. The 
classification has the aim of reducing the dimensionality of a dataset by exploiting the 
similarities/dissimilarities between cases. The result will be a set of clusters such that cases within a 
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cluster are more similar to each other than they are to cases in other clusters (through minimisation of 
internal variation while maximising variation between groups).   
 
CLA techniques can be hierarchical (for example tree clustering) when the resultant classification has 
an increasing number of nested classes. Homogeneous and distinct groups are delineated based upon 
assessment of distances. A distance measure is an appraisal of the degree of similarity or dissimilarity 
between cases in the set. A small distance is equivalent to a large similarity. The next step is to choose 
the clustering algorithm, i.e. the rules which govern how distances are measured between clusters. We 
consider the single linkage algorithm (nearest neighbour): the distance between two clusters is 
determined by the distance between the two closest elements in the different clusters. This rule 
produces clusters chained together by single objects. Similarity between objects belonging to the same 
cluster decreases as the linkage distance increases. 
 
Figure 3 shows the results of the cluster analysis on the set of 24 indicators. The first thing to note is 
that the indicators n.21 and n.18 (both measuring lifelong learning – see Table 1) cluster together 
rapidly and cluster with indicators n.15 (enterprise expenditure on VET) and n.17 (total expenditure 
per pupil). The same happens for the PISA indicators (n.7, 8, 9) expressed as average achievement 
scores, and the two indicators related to MST (n.10 and n.11). The most dissimilar indicators (those 
clustering together only at the very end) are the ratio of pupils to teachers (n.4), PISA reading literacy 
(% of students, n.6), early school leavers (n.20), private expenditure as % of GDP (n.14), and foreign 
tertiary students enrolled in the country (n.23). This seems to suggest the redundancy of certain 
indicators in the long-list and the usefulness of revising this list in order to decrease similarities and 
increase the number of indicators with autonomous information content. 
 
However a warning should be given. The existence of correlations could be considered a feature of 
the problem, not to be corrected for, as correlated indicators may indeed reflect different 
(theoretically) non-compensable aspects of the issue at stake. 
 
Table 5: Groups formed using cluster analysis. 
 
Members of Cluster Number 1 (24-indicators.sta) 
and Distances from Respective Cluster Centre 
Cluster contains 10 cases  
   Distance 
7. PISA reading literacy(mean) 0.590 
8. PISA math literacy(mean) 0.524 
9. PISA science literacy(mean) 0.734 
13. Total public expenditure on education as a percentage of GDP 0.617 
15. Enterprise expenditure on VET  as a percentage of total labour costs 0.736 
16. Total expenditure on public and private educational institutions per pupil/student in 
EUR PPS 0.647 
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17. Total expenditure on educational institutions per pupil compared to GDP 0.848 
18. Participation of adults with less than upper secondary education in lifelong learning 0.487 
21. Percentage of the adult population aged 25 to 64 participating in education and 
training 0.449 
22. Average number of foreign languages learned per student  0.875 
    
Members of Cluster Number 2 (24-indicators.sta) 
and Distances from Respective Cluster Centre 
Cluster contains 6 cases  
   Distance 
3. Number of young people in the 0-14 and 15-19 as % of tot pop 0.725 
4. Ratio of pupils to teaching staff 0.867 
6. PISA low reading literacy proficiency (% students) 0.742 
14. Expenditure on educational institutions  from private sources in % of GDP 0.815 
20. Early school leavers   0.761 
23. Foreign tertiary students as % of all tertiary students (ISCED 5 and 6) enrolled in 
the country (academic years 2002/03). 0.868 
    
Members of Cluster Number 3 (24-indicators.sta) 
and Distances from Respective Cluster Centre 
Cluster contains 8 cases  
   Distance 
1. Percentage of teachers aged 50 or older, primary education (ISCED 1) 0.826 
2. Percentage of teachers aged 50 or older, secondary education (ISCED 2-3) 0.786 
5. Youth education attainment  0.859 
10. Students enrolled in MST as a proportion of all students in tertiary education (%) 0.725 
11. Graduates in MST as a percentage of all graduates in tertiary education 0.661 
12. Tertiary graduates in science and technology per 1 000 of population aged 20-29  0.781 
19. Participation in post-compulsory education 0.663 
24. Percentage of tertiary students (ISCED 5-6) enrolled outside their country of origin, 
2002/03 0.927 
 
The following exercise involved constraining cluster analysis to group the 24 indicators into three 
sets. With this experiment we can see whether the three groups of indicators made up according to the 
information content of the group members resemble the regrouping offered by the three strategic 
objectives. Table 5 shows the results: none of the three strategic objectives is fully included in one of 
the three clusters, or, in other words, no cluster derived from the statistical analysis coincides with a 
grouping based in the strategic objective.  
 
3. Factor analysis for six education indicators (the five EU benchmarks in education and 
training plus public expenditure on education as percentage of GDP) 
Factor analysis (FA) attempts to identify underlying variables, or factors, that explain the pattern of 
correlations within a set of observed variables. FA is often used in data reduction to identify a small 
number of factors that explain most of the variance observed in a much larger number of manifest 
variables. FA can also be used to generate hypotheses regarding causal mechanisms or to screen 
variables for subsequent analysis (for example, to identify collinearity prior to performing a linear 
regression analysis). FA is primarily used for data reduction in order to remove redundant (i.e. 
highly correlated) variables from the data, replacing the entire data set with a smaller number of 
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uncorrelated variables, or for structure detection in order to examine the underlying (i.e. latent) 
relationships between the variables.  
The FA procedure offers a high degree of flexibility based on different methods for: factor extraction, 
rotation and computing factor scores. With any extraction method, the two questions that a good 
solution should try to answer are "how many components (factors) are needed to represent the 
variables?" and "what do these components represent?” The FA procedure has several extraction 
methods for constructing a solution. In this paper Principal Component Analysis (PCA) is used.1 The 
PCA method of extraction begins by finding a linear combination of variables (a component) that 
accounts for as much variation in the original variables as possible. It then finds another component 
that accounts for as much of the remaining variation as possible and is uncorrelated with the previous 
component, continuing in this way until there are as many components as original variables. Since a 
few components will account for most of the variation, these components can be further used to 
replace the original variables. This method is most often used to reduce the number of variables. 
Other FA extraction methods go one step further by adding the assumption that some of the variability 
in the data cannot be explained by the components (usually called factors in other extraction 
methods). As a result, the total variance explained by the solution is smaller; however, the addition of 
this structure to the factor model makes these methods ideal for examining relationships between the 
variables. 
In the following example we will use FA to explain the pattern of correlations within a set of six 
education variables: the five EU benchmarks in education and training plus public expenditure on 
education as a percentage of GDP. Data for the six variables for two different years of reference (2000 
and 2003) are presented in the Annex. 
Examining the correlations among the six variables reveals that there is significant overlap between 
various subgroups of items: reading literacy scores tend to correlate with all three LFS variables (early 
school leaving, youth educational attainment and participation in lifelong learning); two LFS variables 
(early school leaving and youth educational attainment) are highly correlated to each other, and so on. 
With factor analysis, we will investigate the number of underlying factors and identify what the 
factors represent. Additionally, we will compute factor scores for each data item, which can then be 
used in subsequent analyses (for example, to build a composite measure of the six indicators). 
Statistical assumptions for data. The data should have a normal distribution for each variable. The 
FA model specifies that variables are determined by common factors (the factors estimated by the 
model) and unique factors (which do not overlap between observed variables); the computed 
                                                 
1 Results are also available for another extraction method called “Principal Axis Factoring.” 
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estimates are based on the assumption that all unique factors are uncorrelated with each other and 
with the common factors. 
The following section presents a solution using Principal Component Analysis extraction, which is 
then given a Varimax rotation. The statistics generated are the following (reference year 2000): 
 
For each factor analysis : 
· correlation matrix of variables 
· initial solution (communalities and percentage of variance explained) 
· rotated solution (including rotated component matrix and component score coefficient 
matrix) 
 
Plots : 
· scree plot of eigenvalues 
 
The correlation matrix for initial values shows the following results: reading literacy scores tend to 
correlate with all three LFS variables (early school leaving, youth educational attainment and 
participation in lifelong learning); two LFS variables (early school leaving and youth educational 
attainment) are highly correlated to each other and participation in lifelong learning tends to correlate 
moderately with public spending on education as a percentage of GDP. 
 
Correlation Matrix (2000) 
 
  
Zscore:  
Youth 
educational 
attainment 
Zscore:  
Early 
school 
leavers 
Zscore:  
Lifelong 
learning 
Zscore:  
PISA 
reading 
Zscore:  
Graduates 
MST 
Zscore:  
Pub 
educe 
exp in 
gap 
Zscore:  Youth 
educational 
attainment 
1,000 -,911 ,251 ,529 ,036 ,029 
Zscore:  Early school 
leavers -,911 1,000 -,463 -,579 ,007 -,369 
Zscore:  Lifelong 
learning 
,251 -,463 1,000 ,766 ,035 ,656 
Zscore:  PISA 
reading ,529 -,579 ,766 1,000 ,221 ,476 
Zscore:  Graduates 
MST ,036 ,007 ,035 ,221 1,000 -,176 
Correlation 
Zscore:  Pb educ exp 
in gdp ,029 -,369 ,656 ,476 -,176 1,000 
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The variance explained by the initial solution and extracted components using PCA are displayed 
next. The first column of the table shows the initial eigenvalues and the next column gives the 
eigenvalue (i.e. the amount of variance in the original variables accounted for by each component). 
 
Communalities (2000) 
 
 Initial Extraction 
Zscore:  Youth educational 
attainment 1,000 ,994 
Zscore:  Early school 
leavers 1,000 ,942 
Zscore:  Lifelong learning 1,000 ,868 
Zscore:  PISA reading 1,000 ,849 
Zscore:  Graduates MST 1,000 ,950 
Zscore:  Pb educ exp in 
gdp 1,000 ,839 
Extraction Method: Principal Component Analysis  
 
 
In the table below the “% of Variance” column gives the ratio, expressed as a percentage, of the 
variance accounted for by each component to the total variance in all of the variables. 
 
Total Variance Explained (2000) 
 
Initial Eigenvalues Extraction Sums of Squared 
Loadings 
Rotation Sums of Squared 
Loadings 
Component 
Total % of 
Variance 
Cumulative 
% 
Total % of 
Variance 
Cumulative 
% 
Total % of 
Variance 
Cumulative 
% 
1 3,054 50,906 50,906 3,054 50,906 50,906 2,205 36,752 36,752 
2 1,310 21,835 72,741 1,310 21,835 72,741 2,114 35,227 71,979 
3 1,078 17,961 90,702 1,078 17,961 90,702 1,123 18,723 90,702 
4 ,369 6,156 96,858             
5 ,175 2,924 99,782             
6 ,013 ,218 100,000             
Extraction Method: Principal Component Analysis. 
 
 
The first section of the table gives the percentage of variance accounted for by the initial solution. For 
the initial solution there are as many components as variables, and in a correlations analysis, the sum 
of the eigenvalues equals the number of components. We have requested that eigenvalues greater than 
1 be extracted, so the first three principal components form the extracted solution. The second section 
of the table shows the extracted components. They explain nearly 91% of the variability in the 
original six variables, so we can considerably reduce the complexity of the data set by using 
these components, with only a 9% loss of information. The rotation maintains the cumulative 
percentage of variation explained by the extracted components, but that variation is now spread more 
evenly over the components. The large changes in the individual totals suggest that the rotated 
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component matrix will be easier to interpret than the unrelated matrix. The eigenvalue of each 
component in the initial solution is then plotted and the scree plot is used in addition to determine the 
optimal number of components.  
 
Figure 4: Scree plot 
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Generally, we look to extract the components on the steep slope. The components on the shallow 
slope contribute little to the solution. The last big drop occurs between the third and fourth 
components, so using the first three components is an easy choice. After the extraction was made, the 
component matrix looks as follows. 
 
Component Matrixa (2000) 
 
Component 
  1 2 3 
Zscore:  Youth educational 
attainment ,715 -,638 -,275 
Zscore:  Early school 
leavers -,858 ,362 ,275 
Zscore:  Lifelong learning ,807 ,421 ,199 
Zscore:  PISA reading ,877 ,039 ,280 
Zscore:  Graduates MST ,065 -,374 ,897 
Zscore:  Pb educ exp in 
gdp ,619 ,673 -,051 
Extraction Method: Principal Component Analysis. 
(a)  3 components extracted. 
 15 
We will then rotate this matrix in order to determine what the components represent. In this paper we 
used the Varimax Method which is an orthogonal rotation method that minimizes the number of 
variables that have high loadings on each factor in order to simplify the interpretation of the factors. 
Rotated Component Matrixa (2000) 
 
Component 
  1 2 3 
Zscore:  Youth educational 
attainment ,036 ,995 ,042 
Zscore:  Early school 
leavers -,321 -,915 ,049 
Zscore:  Lifelong learning ,901 ,218 ,094 
Zscore:  PISA reading ,715 ,488 ,317 
Zscore:  Graduates MST -,020 -,002 ,974 
Zscore:  Pb educ exp in 
gdp ,882 ,006 -,247 
Extraction Method: Principal Component Analysis.  
 Rotation Method: Varimax with Kaiser Normalization. 
a Rotation converged in 4 iterations. 
 
 
As we can expect, most indicators load highly on the first component. This first component is most 
highly correlated with the variables lifelong learning, literacy scores and public expenditure. 
However, lifelong learning is more representative because it is less correlated with the other two 
components. Two indicators load highly on the second component, which is correlated with the two 
LFS variables, youth educational attainment and early school leaving (although one is a latent variable 
for the other). In the third component there is only one variable that loads highly (graduates in maths, 
science and technology). It can therefore be suggested that the variables in the second component 
better explain most of the variance, although they capture more or less the same information. An FA 
for structure detection can further be used in order to examine the underlying (i.e. latent) relationships 
between the two variables. 
 
The following part of the work presents a solution using Principal Component Analysis extraction, 
which is then given a varimax rotation. The statistics generated (reference year 2003) are the 
following: 
 
For each factor analysis : 
· correlation matrix of variables 
· initial solution (communalities and percentage of variance explained) 
· rotated solution (including rotated component matrix and component score coefficient 
matrix) 
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Plots : 
· scree plot of eigenvalues 
 
The correlation matrix for initial values shows the following results for 2003: reading literacy scores 
tend to correlate with only one LFS variable (participation in lifelong learning); the two LFS variables 
(early school leaving and youth educational attainment) remain highly correlated to each other and 
participation in lifelong learning remains moderately correlated with public spending on education as 
a percentage of GDP. 
 
Correlation Matrix (2003) 
 
  Zscore(yea03) Zscore(esl03) Zscore(lll03) Zscore(pisar03) Zscore(mst03) Zscore(shr03) 
Zscore(yea03) 1,000 -,940 ,176 ,287 -,167 ,043 
Zscore(esl03) -,940 1,000 -,324 -,352 ,182 -,213 
Zscore(lll03) ,176 -,324 1,000 ,626 -,279 ,746 
Zscore(pisar03) ,287 -,352 ,626 1,000 -,162 ,369 
Zscore(mst03) -,167 ,182 -,279 -,162 1,000 -,180 
Correlation 
Zscore(shr03) ,043 -,213 ,746 ,369 -,180 1,000 
 
 
The variance explained by the initial solution and extracted components using PCA are displayed 
next. The first column of the table shows the initial Eigenvalues and the next column gives the 
eigenvalue (ie the amount of variance in the original variables accounted for by each component). 
 
Communalities (2003) 
 
 Initial Extraction 
Zscore(yea03) 1,000 ,973 
Zscore(esl03) 1,000 ,952 
Zscore(lll03) 1,000 ,884 
Zscore(pisar03) 1,000 ,562 
Zscore(mst03) 1,000 ,168 
Zscore(shr03) 1,000 ,741 
Extraction Method: Principal Component Analysis. 
 
 
In the next table the % of Variance column gives the ratio, expressed as a percentage, of the variance 
accounted for by each component to the total variance in all of the variables. 
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Total Variance Explained (2003) 
 
Initial Eigenvalues 
Extraction Sums of Squared 
Loadings 
Rotation Sums of Squared 
Loadings 
Component Total 
% of 
Variance 
Cumulative 
% Total 
% of 
Variance 
Cumulative 
% Total 
% of 
Variance 
Cumulative 
% 
1 2,755 45,923 45,923 2,755 45,923 45,923 2,289 38,144 38,144 
2 1,524 25,397 71,320 1,524 25,397 71,320 1,991 33,177 71,320 
3 ,895 14,921 86,242             
4 ,599 9,985 96,227             
5 ,182 3,039 99,265             
6 ,044 ,735 100,000             
Extraction Method: Principal Component Analysis. 
 
 
The first section of the table gives the percentage of variance accounted for in the initial solution. For 
the initial solution, there are as many components as variables, and in a correlations analysis, the sum 
of the eigenvalues equals the number of components. We have requested that eigenvalues greater than 
1 be extracted, so the first three principal components form the extracted solution. The second section 
of the table shows the extracted components. They explain over 71% of the variability in the 
original six variables, so we can considerably reduce the complexity of the data set by using 
these components, with only a 29% loss of information. The rotation maintains the cumulative 
percentage of variation explained by the extracted components, but that variation is now spread more 
evenly over the components. The large changes in the individual totals suggest that the rotated 
component matrix will be easier to interpret than the unrotated matrix. The eigenvalue of each 
component in the initial solution is then plotted and the scree plot is used in addition to determine the 
optimal number of components. After the extraction was made, the component matrix looks as 
follows. 
 
Component Matrixa (2003) 
 
Component 
 1 2 
Zscore(yea03) ,662 -,731 
Zscore(esl03) -,765 ,605 
Zscore(lll03) ,801 ,493 
Zscore(pisar03) ,719 ,211 
Zscore(mst03) -,402 -,082 
Zscore(shr03) ,642 ,573 
Extraction Method: Principal Component Analysis. 
(a)  2 components extracted. 
 
 
The components on the shallow slope contribute little to the solution. The last big drop occurs 
between the second and the third, only two components will be extracted. 
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Figure 5: Scree plot 
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We will then rotate this matrix using again a varimax rotation in order to determine what the 
components represent. 
Rotated Component Matrixa (2003) 
 
Component 
  1 2 
Zscore(yea03) ,071 ,984 
Zscore(esl03) -,231 -,948 
Zscore(lll03) ,934 ,105 
Zscore(pisar03) ,696 ,277 
Zscore(mst03) -,367 -,183 
Zscore(shr03) ,859 -,057 
Extraction Method: Principal Component Analysis. 
Rotation Method: Varimax with Kaiser Normalization. 
(a)  Rotation converged in 3 iterations. 
 
 
The results using 2003 data confirmed the same patterns of relationships between the six variables. As 
we would have expected, most indicators load highly on the first component. This first component is 
most highly correlated (as was the case for the reference year 2000) with the variables lifelong 
learning, literacy scores and public expenditure, which were the same. As in 2000, lifelong learning is 
a better representative because it is less correlated with the other two components. The same two 
indicators (youth educational attainment and early school leaving) load highly on the second 
component, which is correlated with the two LFS variables. It can therefore be suggested that the 
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variables in the second component better explain most of the variance, although they capture more or 
less the same information. An FA for structure detection should therefore be used in order to examine 
the underlying (i.e. latent) relationships between the two variables. 
 
In this paper we used FA to identify underlying variables that explain the pattern of correlations 
within a set of six observed educational variables. This procedure was used to reduce the number of 
variables in the data set but it can also be used to explore the latent structure of the variables in the 
data. This method is most often used to reduce the number of variables. FA extraction methods can go 
one step further by adding the assumption that some of the variability in the data cannot be explained 
by the components (usually called factors in other extraction methods). As a result, the total variance 
explained by the solution is smaller; however, the addition of this structure to the factor model makes 
these methods ideal for examining relationships between the variables. This data set can be further 
investigated using FA for factor detection. 
 
 
4. From 5 benchmarks to a composite indicator (CI) 
 
A further research question is whether it is possible to derive a composite indicator from the 5 
benchmarks, and which are the properties of this indicator. In the construction of the composite we 
proceeded as follows. A problem we faced is the presence of missing values (15.2 % for 2000, 7.2% 
for 2003 and 9.6% for 2005). In order to fill in blank cells (imputation) we use two methods (i) the 
EU-25 average and (ii) the OLS regression based either on correlated variables or on time behaviour  
of the imputed series. A second problem has been that not all series are available for all the studied 
years (200, 2003 and 2005). In this case the most recent data has been considered. The aggregation of 
information is done by weight equally all 5 indicators. Table A1 in Appendix 1 presents the results 
(imputation with EU25 average). The score for each country is measured as distance from the average 
EU25.   Table 5 displays the ranking of EU 25 countries for the years 2000, 2003 and 2005. We also 
include the ranking for 2010 calculated using the proposed benchmarks. As can be noticed there is a 
substantial stability in the ranking over the years. Growth rates in Table 6 show a decrease in the 
composite values from 2003 to 2005 for the Cyprus, Czech Republic, Iceland, Ireland and Slovakia. 
The Netherlands, Poland and Spain, instead show a drop in the period 2000-2003 but a recovery 
afterwards, while for Finland a decrease in the composite values is displayed in 2003 and 2005.  
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Table 6: Composite indicator of the five benchmarks. Imputation with EU25 average. Equal 
weighting. 
 
2000 2003 2005 2010 
Finland Finland Sweden Ireland 
Sweden Sweden Finland Finland 
Ireland Slovakia Ireland France 
UK Ireland UK UK 
Poland Denmark Slovakia Sweden 
France Slovenia Denmark Lithuania 
Austria UK Slovenia Denmark 
Denmark France France Netherlands 
Slovakia Czech Rep. Austria Spain 
Czech Rep. Austria Lithuania EU 15 
Netherlands Poland Czech Rep. Austria 
Slovenia Lithuania Poland EU 25 
Belgium Belgium Belgium Belgium 
Estonia Estonia Latvia Slovenia 
Lithuania Hungary EU 25 Estonia 
EU 25 EU 25 Netherlands Czech Rep. 
Cyprus Netherlands Germany Greece 
Hungary EU 15 EU 15 Italy 
EU 15 Cyprus Estonia Germany 
Germany Greece Hungary Slovakia 
Greece Latvia Greece Poland 
Latvia Germany Luxembourg Cyprus 
Spain Luxembourg Cyprus Malta 
Italy Italy Italy Hungary 
Luxembourg Spain Spain Portugal 
Portugal Portugal Portugal Latvia 
Malta Malta Malta Luxembourg 
 
 
 more than 10 points above the EU25 
between 0.1 and 9.9 points above the EU25 
 between 0.1 and 9.9 points below the EU25 
 more than 10 points below EU25 
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Table 7: Growth rates 2000-2003, 2000-2005, and 2003-2005 of the composite indicator.  
 
 00/03 00/05 03/05  00/03 00/05 03/05 
EU 25 2.08% 3.47% 1.37%  MT  8.79% 12.96% 3.83% 
EU 15 1.85% 3.46% 1.58%  NL   -1.86% -1.42% 0.46% 
 BE   1.62% 1.73% 0.11%  AT   1.09% 2.43% 1.33% 
 CZ   3.38% 2.78% -0.57%  PL   -1.65% -0.93% 0.73% 
 DK   4.88% 6.71% 1.75%  PT   8.61% 10.46% 1.71% 
 DE   0.48% 5.11% 4.61%  SI   6.97% 7.95% 0.91% 
 EE   0.68% -0.46% -1.13%  SK  9.61% 8.39% -1.11% 
 EL   3.71% 4.68% 0.93%  FI  -0.39% -0.88% -0.49% 
 ES   -2.88% -0.81% 2.14%  SE   2.48% 3.32% 0.82% 
 FR   1.38% 2.54% 1.15%  UK   0.46% 3.82% 3.35% 
 IE   3.50% 3.22% -0.27%  BG   5.06% 6.48% 1.36% 
 IT   0.17% 2.76% 2.58%  HR   4.97% 7.69% 2.59% 
 CY   1.49% -1.18% -2.63%  RO   3.17% 5.06% 1.83% 
 LV   4.22% 9.74% 5.30%  TR   4.53% 5.41% 0.83% 
 LT   5.11% 8.02% 2.76%  IS   6.77% 4.13% -2.47% 
 LU   8.05% 11.71% 3.39%  NO   3.68% 5.43% 1.69% 
 HU   3.73% 2.16% -1.51%     
 
 
Table A2 in Appendix 1 shows the values of the CI rescaled according to the benchmarks set by the 
Council in 2010 (i.e. taking the value of the CI in 2010 to be equal to 100). According to 2005 results, 
the greatest effort to reach the 2010 target needs to be made by Italy, Malta, Spain and Portugal, 
which fall behind the target by 13, 28, 18 and 26 points respectively. In contrast, Denmark, Finland, 
Slovenia, Slovakia, and Sweden have a CI already higher than the 2010 target. 
 
Adding public expenditure on education to the CI  
We investigated the impact on country rankings of adding a sixth indicator to the five official 
benchmarks, namely public expenditure on education. 
 
The CI values are given in Table A3 in Appendix 1. The difference in rankings between the two 
indicators (one made with five benchmarks and the other with six) is on average two posit ions for all 
the years considered (1.96 positions for 2000, 2.04 for 2003 and 1.68 for 2005). In 2000 the highest 
variation in rank (5 positions) is experienced by the Czech Republic , whose rank deteriorates when 
expenditure is taken into account, and Denmark, which improves its position. In 2003 (2005) a 
downward shift of 8 (6) and 7 (7) positions is again experienced by the Czech Republic and Slovakia 
respectively.  
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Sensitivity analysis of the CI 
The first issue to be taken into account is the effect of imputation of missing data on country rankings. 
Overall the effect is greater in 2000 than in 2003 and 2005, given the high number of missing values 
that year. Imputation in 2000 had a major effect for only three countries. Filling in missing values 
with the EU25 average overstated the performance of Poland by a degree of seven positions; its 
position varied from 5th when using the EU25 average for the imputation to 12th when using other 
techniques. The positions of Slovakia and the Czech Republic  are, in contrast, understated. They rank 
10th and 9th when using the EU25 average and 6th and 3rd with a different imputation method. In 
2003 the difference in imputation method does not have appreciable effects (at most two positions), 
and in 2005 the greatest effect is for Germany, which moves from 16th position when using the EU25 
average to 19th using other techniques. 
 
In order to explore the sensitivity of the composite indicator to its single components we examine the 
variation in CI ranking obtained by eliminating one indicator at a time  (in other words we compare 
the CI ranking obtained using all five benchmarks to that calculated with only four  benchmarks, 
extracting a different indicator each time). Table A4 in Appendix 1 displays the results for the years 
2000, 2003 and 2005. In 2000 the indicators affecting the CI most are education attainment and 
maths, science and technology graduates (MST). The countries affected most are France and Ireland 
for MST and the Netherlands and Slovakia for education attainment. In 2003 the composite is highly 
affected by education attainment (particularly Luxembourg) and by lifelong learning, with the 
greatest variations displayed by the Czech Republic and Denmark. In 2005 the CI is sensitive mostly 
to the indicator on lifelong learning, especially for Denmark, the UK, the Netherlands and Poland. In 
2005 a substantial effect is caused by early school leavers on Germany’s performance, resulting in a 
drop of seven positions in its overall ranking (note that Germany is highly sensitive to all indicators of 
the composite). The same shift is induced by education attainment for Luxembourg.  
 
 
Relationships between the CI and other variables 
The last exercise conducted is the analysis of the CI (constructed with the 5 benchmarks) with respect 
to other indicators, and in particular those contained in the European Innovation Scoreboard 20052. 
Table 7 displays the result. The most notable result is a correlation around 0.5 between the scores of 
the CI and those of R&D expenditure, Early stage venture capital and Employment in high tech 
services.  
 
                                                 
2 http://trendchart.cordis.lu/scoreboards/scoreboard2005/index.cfm  
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Table 8: Score correlation between the CI (5 benchmarks) for 2005 and the European 
Innovation scoreboard 2005 
 
  correlation  correlation 
New S&E graduates 
0.533 
Early-stage venture capital 
0.477 
Population with tertiary education 0.461 ICT expenditures 
-0.056 
Broadband penetration rate 0.179 SMEs using non-technological change 
-0.028 
Participation in life-long learning 0.574 Employment in high-tech services 
0.590 
Youth education attainment level  0.843 Exports of high technology products 
-0.229 
Public R&D expenditures 0.477 Sales of new -to-market products 
-0.174 
Business R&D expenditures 0.547 Sales of new -to-firm not new -to-market products  0.309 
Share of medium-high-tech and high-tech 
R&D 0.267 
Employment in medium-high/high-tech 
manufacturing 0.280 
Enterprises receiving public funding for 
innovation -0.023 EPO patents per million population 0.412 
University R&D expenditures financed by 
businesses  0.122 USPTO patents per million population 0.451 
SMEs innovating in-house 0.106 Triad patents per million population 
0.456 
Innovative SMEs co-operating with others 0.274 Community trademarks per million population -0.020 
Innovation expenditures  -0.263 Community industrial designs per million population 0.208 
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Appendix 1 
 
 
Table A1: Composite indicator of the five benchmarks. Imputation with EU25 average. Equal weighting. 
 
 composite base EU25 = 100 
 
2000 2003 2005 2010  2000 2003 2005 2010 
EU 25 100 100 100 100 MT 67.9 72.4 74.2 97.1 
EU 15 98.6 98.4 98.6 100.2 NL 104 99.9 99.1 100.9 
BE 103.1 102.6 101.4 99.8 AT 106.8 105.8 105.7 100 
CZ 104.4 105.8 103.7 98.5 PL 108.2 104.3 103.6 97.3 
DK 105.8 108.7 109.1 100.9 PT 71.2 75.8 76 96.3 
DE 97.2 95.7 98.7 98.2 SI 103.4 108.4 107.9 99.3 
EE 102 100.6 98.1 98.6 SK 104.9 112.7 109.9 97.9 
EL 96.2 97.7 97.3 98.5 FI 119.2 116.4 114.2 105.7 
ES 91.5 87.1 87.7 100.6 SE 115.6 116.1 115.4 102.3 
FR 106.8 106.1 105.9 104.9 UK 109.6 107.9 110 104.2 
IE 110.8 112.4 110.6 107.9 BG 89.7 92.4 92.3 92.5 
IT 91.4 89.7 90.8 98.2 HR 99.8 102.6 103.9 99.9 
CY 98.9 98.3 94.4 97.1 RO 84.4 85.3 85.7 91.4 
LV 94.7 96.7 100.5 95.7 TR 66.7 68.3 67.9 99.9 
LT 100.1 103.1 104.5 101.2 IS 91.1 95.3 91.7 100.5 
LU 90 95.3 97.2 92 NO 110.7 112.4 112.8 99.5 
HU 98.8 100.4 97.5 96.6      
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Table A2: Composite indicator of the five benchmarks calculated using 2010=100 for the years 2000, 
2003 and 2005.  Imputation with EU25 average. Equal weighting 
 
 CI base 2010=100 
 
2000 2003 2005  2000 2003 2005 
EU 25 90.77 92.66 93.92 MT 63.50 69.09 71.73 
EU 15 89.31 90.96 92.40 NL 93.55 91.81 92.23 
BE 93.81 95.32 95.43 AT 96.94 97.99 99.30 
CZ 96.24 99.49 98.92 PL 100.93 99.27 99.99 
DK 95.17 99.81 101.56 PT 67.08 72.85 74.09 
DE 89.87 90.30 94.46 SI 94.50 101.09 102.01 
EE 93.92 94.56 93.49 SK 97.31 106.66 105.48 
EL 88.66 91.95 92.81 FI 102.40 102.00 101.50 
ES 82.56 80.18 81.90 SE 102.52 105.07 105.93 
FR 92.49 93.76 94.84 UK 95.51 95.95 99.16 
IE 93.24 96.50 96.24 BG 88.04 92.49 93.74 
IT 84.54 84.68 86.87 HR 90.73 95.24 97.71 
CY 92.43 93.81 91.34 RO 83.81 86.47 88.05 
LV 89.84 93.63 98.59 TR 60.63 63.37 63.90 
LT 89.77 94.36 96.97 IS 82.26 87.83 85.66 
LU 88.80 95.95 99.20 NO 101.03 104.75 106.52 
HU 92.78 96.24 94.79     
 
 
 26 
Table A3: Composite indicator of the five benchmarks plus public expenditure in education. Imputation 
with EU25 average. Equal weighting. 
 
 
 CI base EU25=100 
 2000 2003 2005  2000 2003 2005 
EU 25 100.00 100.00 100.00 MT 68.28 69.04 70.46 
EU 15 100.30 99.99 100.24 NL 106.18 99.00 97.71 
BE 100.70 103.63 102.66 AT 104.89 103.72 103.65 
CZ 96.63 95.28 93.62 PL 102.87 99.63 98.58 
DK 127.65 123.70 123.69 PT 75.30 78.98 78.86 
DE 92.63 91.08 96.69 SI 101.37 108.20 108.36 
EE 99.06 97.70 95.19 SK 97.16 101.21 98.84 
EL 87.50 92.18 90.40 FI 132.45 126.45 123.66 
ES 89.71 87.23 89.86 SE 132.10 131.67 130.03 
FR 110.25 112.97 111.98 UK 122.58 118.01 121.98 
IE 116.96 115.54 112.66 BG 88.20 82.97 82.39 
IT 87.18 86.70 87.57 HR 99.87 90.67 91.25 
CY 91.39 96.22 91.85 RO 71.72 84.62 84.48 
LV 95.53 96.08 97.84 TR 66.47 63.49 63.13 
LT 100.21 105.11 106.16 IS 110.11 110.51 104.55 
LU 83.40 91.67 93.77 NO 116.40 118.34 117.73 
HU 88.89 93.79 90.44     
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Table A4: Differences (in absolute values) between the country rankings of the CI made of the 5 
benchmarks and the country ranks derived from the omission of one indicator at a time . Abbreviations: esl 
(early school leavers), eda (education attainment), mst (graduated in math and science), la (lower achievers from 
PISA), lll (lifelong learning)  
 
Table A4.1: Values for 2000 
 
 difference in abs      
 CI CI CI CI CI  
2000 
weight 
esl=0 
weight 
eda=0 
weight 
mst=0 
weight 
la=0 
weight 
lll=0 average 
 BE   0 3 1 1 3 1.6 
 CZ   3 4 3 0 1 2.2 
 DK   2 3 2 1 7 3 
 DE   1 2 0 1 1 1 
 EE   0 1 1 1 2 1 
 EL   1 1 0 1 1 0.8 
 ES   1 2 2 2 0 1.4 
 FR   1 1 8 1 2 2.6 
 IE   0 1 6 1 1 1.8 
 IT   0 0 0 0 0 0 
 CY   0 1 1 2 0 0.8 
 LV   1 1 0 2 0 0.8 
 LT   0 4 2 0 2 1.6 
 LU   0 0 2 2 0 0.8 
 HU   0 1 1 1 0 0.6 
 MT  1 0 0 0 0 0.2 
 NL   0 5 3 3 3 2.8 
 AT   1 2 3 2 1 1.8 
 PL   7 3 2 2 0 2.8 
 PT   1 0 0 0 0 0.2 
 SI   2 0 1 1 1 1 
 SK   3 6 3 0 2 2.8 
 FI   0 0 0 0 0 0 
 SE   0 0 0 0 1 0.2 
 UK   0 1 1 1 4 1.4 
       
average 1 1.68 1.68 1 1.28  
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Table A4.2: Values for 2003 
 
 difference in abs      
 CI CI CI CI CI  
2003 
weight 
esl=0 
weight 
eda=0 
weight 
mst=0 
weight 
la=0 
weight 
lll=0 average 
 BE   1 2 1 0 1 1 
 CZ   0 3 4 2 6 3 
 DK   1 2 0 1 8 2.4 
 DE   1 2 0 1 0 0.8 
 EE   1 1 0 0 0 0.4 
 EL   1 3 1 1 2 1.6 
 ES   1 1 0 0 0 0.4 
 FR   1 1 5 1 3 2.2 
 IE   1 0 3 0 2 1.2 
 IT   1 1 0 0 0 0.4 
 CY   0 3 1 1 0 1 
 LV   0 2 1 1 0 0.8 
 LT   1 2 5 0 3 2.2 
 LU   1 5 0 0 0 1.2 
 HU   1 4 4 0 0 1.8 
 MT  0 0 0 0 0 0 
 NL   2 4 1 0 2 1.8 
 AT   1 2 2 1 0 1.2 
 PL   2 3 2 1 3 2.2 
 PT   0 0 0 0 0 0 
 SI   2 3 2 3 1 2.2 
 SK   1 3 0 4 2 2 
 FI   0 0 1 1 2 0.8 
 SE   0 0 1 1 4 1.2 
 UK   2 2 3 2 4 2.6 
       
average 0.88 1.96 1.48 0.84 1.72  
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Table A4.3: Values for 2005 
 
 difference in abs      
 CI CI CI CI CI  
2005 
weight 
esl=0 
weight 
eda=0 
weight 
mst=0 
weight 
la=0 
weight 
lll=0 average 
 BE   2 2 1 0 1 1.2 
 CZ   1 4 2 1 3 2.2 
 DK   1 2 1 1 6 2.2 
 DE   7 4 5 4 2 4.4 
 EE   1 0 0 0 0 0.2 
 EL   2 0 0 3 4 1.8 
 ES   2 2 0 0 0 0.8 
 FR   1 1 4 1 4 2.2 
 IE   1 2 5 3 1 2.4 
 IT   0 1 0 0 0 0.2 
 CY   1 1 3 0 0 1 
 LV   0 2 0 0 0 0.4 
 LT   0 0 1 0 4 1 
 LU   1 7 0 1 1 2 
 HU   0 0 2 0 2 0.8 
 MT  1 0 1 0 0 0.4 
 NL   0 3 0 0 5 1.6 
 AT   0 0 3 0 1 0.8 
 PL   1 3 2 1 5 2.4 
 PT   1 0 1 0 0 0.4 
 SI   1 1 3 3 2 2 
 SK   1 1 2 3 4 2.2 
 FI   0 0 0 0 1 0.2 
 SE   0 1 0 0 4 1 
 UK   1 1 3 1 7 2.6 
       
average 1.04 1.52 1.56 0.88 2.28  
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Appendix 2 
 
 
Joint test 
Let iX  be the average rank of country i = 1,..,n obtained from the shortlist of benchmarks (either 5 or 
6), and iY  the average rank obtained from the long list of indicators. By assuming a linear relationship 
iii bXaY e++=  between iX  and iY , we test the hypothesis 1,0:0 == baH . Under 0H  the 
statistic 
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And ba ˆ,ˆ  are the OLS estimates based on the sample ),( ii YX , i=1,.,n. If the test statistics F is higher 
than the 2,2 -nF  at 5% confidence level, then the null hypothesis is rejected, this corresponds to having 
a p-value for the test statistic lower than 5%. If, instead the p-value is higher than 5%, then the test 
statistic will be lower than the 2,2 -nF  at 5% confidence level and the null hypothesis will not be 
rejected. 
 
Individual test 
Let iX  represent the average rank of country i = 1,..,n obtained from the shortlist of benchmarks 
(either 5 or 6), and ix ,s the standard deviation. Let iY  be the average rank obtained from the long list 
of indicators and iy ,s the corresponding standard deviation. Define yx nn ,  the number of indicators 
in the short and long list respectively. Under the null hypothesis iX = iY , the statistics 
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follows a t-Student distribution with )2( -+ yx nn  degrees of freedom. The hypothesis of equality of 
two average ranks is rejected at a 5% confidence level if the absolute value of the statistics iT  is 
greater than 05.0t , or in other terms if the p-value of the statistics iT  is below 5%. 
 
 
